Using panel data spanning fifteen years, this paper investigates the persistence and correlates of subjective and consumption poverty in urban Ethiopia. Despite the decline in consumption poverty in recent years, linked to rapid economic growth, subjective poverty has remained largely unchanged. Dynamic probit regression results show that households with a history of past poverty continue to perceive themselves as poor even if their material consumption improves. We find that having any employment at all reduces the likelihood that households will perceive themselves as poor, even if they remain in objective poverty; we also find that receiving remittances from abroad does not reduce perceived poverty, even if it raises material consumption.
Introduction
In this paper, we study determinants of subjective and objective poverty in urban Ethiopia from 1994 through 2009. Ethiopia has experienced high economic growth in the past decade, and objective poverty measures indicate that the poorest have also experienced rising living standards, leading to, e.g., reduced infant mortality and increased average calorific intake. Despite this, however, subjective poverty remains high; the share of households that perceive themselves as poor has barely changed at all in the same period ( Figure 1 , showing shares of objective and subjective poverty)
1 . This reinforces the fact that poverty is sufficiently complex that it cannot be captured using only objective, material measures.
( Figure 1 ) The fact that the share of the population perceiving themselves as poor has not been affected by the increases in income and material consumption is a challenge to policy. Policymakers generally wish to maximize, not the citizenry's material consumption, but rather some measure of the citizenry's wellbeing. If the poorer members of the population do not perceive themselves as better off now than they did ten years ago, this represents a policy failure. Thus, identifying the factors that determine citizens' own view of their poverty status may be as important, from a policy perspective, as identifying the determinants of their objective poverty status in terms of material consumption.
Using richer data and a richer econometric analysis than previously applied to this topic in a developing country, we are able to explore a larger set of possible determinants of subjective poverty than previous studies have been able to do. The paper is structured in the following fashion. Section 2 discusses subjective poverty measurement and the perception of own poverty. Section 3 presents the econometric model and estimation strategy. Section 4 presents the data and descriptive statistics of variables. In section 5 we present results from alternative models for poverty persistence. Section 6 provides concluding remarks.
Subjective Poverty
Following the classic work by Sen, the multidimensionality of poverty has been receiving increasing attention in the past years in research related to poverty. Multidimensional poverty extends beyond the ability to meet a minimum level of resource for daily needs as defined based on income/consumption approaches to poverty. It is rather, a broad concept that reflects the overlapping deprivations that an individual or a household experience. Building on these blocks, Alkire & Santos (2010) constructed a new multidimensional poverty index for 104 developing countries. Their measure incorporates health, education, and standard of living which allows objective comparison with poverty figures computed based on income measures. Alkire & Santos (2010) show that their multidimensional poverty index slightly overlaps with income poverty but largely captures distinct aspect of poverty.
Much of the information used to construct income poverty measures for developing countries is obtained from household surveys. It is well documented that measurement errors due to imperfect recall and other practical problems related to construction of baskets of goods and poverty lines can seriously bias poverty indices (Browning et al., 2003; Deaton, 1997; Deaton, 2010) . More serious difficulties arise in constructing a standard poverty line for use in poverty comparisons in different socioeconomic groups and countries. One aspect is correction for international price differences using purchasing power parity exchange rates. Given that countries differ in terms of relative prices and economic structures, there are a number of stages where distortions can be introduced into poverty measurement (Deaton, 2010) . Given these problems, more reliable information on poverty can potentially be obtained by simply asking people directly about their on happiness. However, it may well be argued that this concept is problematic from a policy perspective. Happiness is likely to have a broad range of determinants, many of which will only be amenable to policy interventions if policymakers are prepared to carry out highly paternalistic and intrusive policies. Along these lines, Ravallion & Lokshin (2002) argue that happiness is too broad to measure "economic welfare" and there is a possibility, for instance, for someone to be poor but happy while someone else is rich but unhappy; if happiness is the policy target, policymakers should then give priority to increasing the wellbeing of the rich person, a conclusion which most people would find repugnant.
poverty (Deaton 2010) . Such information can effectively be used to measure poverty over time and make poverty comparisons. Furthermore, subjective poverty is multi-dimensional and it captures poverty in the different domains of one's life (Van Praag & Ferrer-i-Carbonell) and thus provides more information about deprivation.
We use subjective poverty data from households in urban Ethiopia to investigate the trends, persistence, and correlates of poverty over the past 15 years. Ethiopia has recently exhibited rapid economic growth with average annual real GDP growth rate of 11% during 2004 -2010 (IMF,2011 . This double digit growth rate was, however, accompanied by double digit inflation rate (15% on average during the period), which appeared to have had adverse impacts on the welfare of citizens (Alem & Söderbom, 2012) . As we saw in Figure 1 , objective poverty declined over time but subjective poverty remained high, which suggests that economic growth was not followed by improvement in the welfare of the multidimensional poor.
There are a number of reasons why people might continue to perceive themselves as poor even though their material income has increased. As noted above, there may be data problems that create an appearance of increased income and mask the continued material poverty. Given the dramatic increase in income in Ethiopia, and given that the poorer segments of the population have clearly seen rising living standards as well, this seems unlikely to be the only explanation but may at least form part of the picture. However, studies of people's self-perception from other countries can be used to illuminate some other factors that could potentially matter. It is well known from previous studies (see e.g. Duesenberry (1949) or Runciman (1966) for seminal contributions) that people's self-perception is not only linked to absolute indicators; relative indicators, such as one's income relative to other people and especially relative to one's perceived peers, also matter a great deal. Previous status will also matter; if a history of (objective and subjective) poverty leads people to perceive themselves as poor, this perception might remain after the material circumstances change. Dependence on others can also be problematic; experiences from other countries indicate that income transfers perceived as poverty support (e.g. food stamps or social welfare) can have negative impacts on a household's self-perception of poverty even though they raise the household's material well-being, whereas income transfers perceived as entitlements, such as pensions, are less problematic in this regard.
These, fairly reasonable, additional explanations for self-perceived poverty pose important methodological challenges. If subjective poverty is linked to relative status, it becomes important to compare a household to households that it is likely to perceive as its peers. If subjective poverty is affected by previous poverty, there will be a hysteresis in self-perceived poverty such that households with the same material standards throughout the time span covered by a panel data set may nonetheless perceive themselves differently because of experiences prior to the start of the panel. If remittances (which have increased dramatically in Ethiopia in the period studied here, see Alem (2011)) are perceived as poverty relief, they may have a negative impact on subjective poverty even as they raise the recipient household's material living standards. This means that when analyzing subjective poverty, one should ideally have sufficiently rich data to compare households to a wide range of households similar in occupation; one should have a panel sufficiently long to make unobserved household heterogeneities manageable; and one should be able to differentiate between different sources of income to such an extent that income sources which may be negative for the household's self-perception can be studied in isolation from other income sources.
Relatively speaking, more analysis has been done on the dynamics and persistence of poverty in rural areas of sub-saharan Africa than in urban areas. Studies using subjective poverty measures are very few, partly because of the methodological challenges outlined above and because of the lack of data sufficiently rich to deal with these challenges. Kingdon & Knight (2006) develop and apply a method of using subjective well-being information to measure poverty in South Africa. Using cross-sectional data, these authors show that the subjective well-being approach provides useful information for poverty analysis in poor countries. However, as they only had access to cross-section data, the issue of hysteresis in subjective poverty could not be explored. Moreover, they did not study the role of economic position relative to peers or the role of different income sources. Bigsten & Shimeles (2011) , using a shorter (1994 -2004) version of the panel data set used in this study, analyze the persistence of consumption based and subjective poverty in urban Ethiopia. They particularly investigate if covariates of these two poverty types differ and they find no significant differences. However, the divergence between subjective and objective poverty shown in Figure 1 largely occurred after the final round of the data set used in their study; moreover, they did not control for important variables such as international remittances, intra-household heterogeneity labor market status, and the different levels of education.
Our paper extends the analysis of subjective poverty by incorporating a new round of data which covers the period of drastic macroeconomic change during which subjective and objective poverty indicators diverged considerably. Our rich data set also lets us investigate the role of other potentially important covariates that could play significant roles in poverty in the context of urban areas, such as household members' occupational characteristics, and international remittances. Furthermore, the paper uses a robust non-linear dynamic panel econometric technique -Wooldridge's conditional maximum likelihood estimator -which in addition to taking care of the initial conditions problem encountered in such models, allows for possible correlation between unobserved time invariant household characteristics and observable explanatory variables.
Data and Descriptive Statistics of Variables
The study uses five rounds of panel data from four major urban areas of Ethiopia (the capital Addis Ababa, Awassa, Mekelle, and Dessie) collected in 1994, 1997, 2000, 2004, and 2009 . The first four waves of the data were collected by the department of economics, Addis Ababa university in collaboration with the university of Gothenburg 2 . A stratified sampling technique was used to form 1500 households in total which represent the urban population. The last wave of the data was collected in late 2008 and early 2009 by one of the authors from a sub-sample of the original households in the four cities following a similar sampling strategy 3 . Out of the 709 households surveyed in the 2009 round, 128 are new households chosen randomly and incorporated in the sample. These new households were surveyed to check the representativity of the panel households which were formed back in 1994. Alem & Söderbom (2012) check for this and find no significant difference in welfare between the panel and the newly incorporated households conditional on observable household characteristics, which implies that the data reasonably represents urban Ethiopia.
Our subjective poverty measure is constructed from response to the question "Do you consider yourself as rich, middle income or poor", from which we classified households as poor or non-2 Data were also collected in 1995. However to maintain a fairly even gap between rounds, we drop the survey from this wave. Refer AAU & UG, 1995 for details on sampling strategy.
3 Data was also collected from three other cities (Bahir Dar, Jimma, and Dire Dawa) in earlier waves prior to 2009. Households in these cities were not surveyed in the 2009 round due to resource constraint.
poor respectively 4 . Following the conventional practice, we compute our objective poverty head count using consumption expenditure data. The definition of consumption used in the analysis is comprehensive and incorporates both food and non-food components. Food consumption includes the value of food purchased from the market and food obtained in the form of gifts or aid. The non-food component includes expenditures on clothing, energy, education, kitchen equipments, contributions, health, education, and transportation. Following Ravallion & Bidani (1994) , we use the cost of basic needs approach to construct poverty lines. This involves estimation of the food poverty line based on cost of basket of goods that yield the minimum energy needed per person per day (2,200 kcal according to WHO) and make adjustment for the non-food component 5 . This was done for each round and city and later, we constructed price indices by using the poverty line of the capital, Addis in the base year (1994) relative to which all the poverty lines in each city and round were expressed 6 . We then use the price indices constructed to convert consumption expenditure to real -adjusting for both spatial and temporal price differences. We also take account of household size for economies of scale, and difference in needs by using adult equivalent units and thus classify households whose real consumption expenditure per adult equivalent units is below the poverty line of Addis in 1994 as poor. Table 1 presents major macroeconomic variables of Ethiopia during the period under analysis. Table 1 here Descriptive statistics are presented in Table 2 . It can be seen that objective poverty has been declining steadily since 1994. Subjective poverty, on the other hand, has barely changed at all. The difference between the two poverty measures has therefore increased fairly steadily throughout the period and, in the latest round of the survey, was the highest it had ever been. This reinforces the fact that subjective poverty encompasses other dimensions of poverty often not incorporated by money-metric poverty measures. It is clear that despite rising material living standards, numerous households who are no longer below the poverty line continue to perceive themselves as poor. Table 2 here
Econometric Framework
It is a well established fact in the poverty literature that an individual or a household who is poor in a certain period is more likely to be poor next period -there is state dependence in poverty (see for instance, Duncan et al., 1993; Oxley et al., 2000; Mejer and Linden, 2000; OECD, 2001; Giraldo et al., 2006 Biewen, 2009; Alem, 2011) 7 . We therefore model the current state of poverty as a function of lagged poverty i.e., poverty in previous period. In addition, there are unobserved (and time-invariant) household or individual characteristics such as individual motivation, parental effects, rate of time preference, and risk aversion parameters that make specific groups prone to poverty, which should be taken into account. Consequently, we specify a dynamic model of the probability of being poor (either in subjective or objective terms) as
where the subscript i = 1, ..., N indexes households, the subscript t = 2, ..., T indexes time periods, s * it is a latent dependent variable for being in poverty, x it is a vector of explanatory variables, η i is a term capturing unobserved household-specific random effects, and u it is a random error term assumed to be distributed N (0, σ 2 u ). The observed binary outcome variable is:
In the standard random effects probit model, it is assumed that conditional on x it , η i is normally distributed with mean zero and variance σ 2 η , and independent of u it and x it 8 . Thus, more precise estimates than the pooled probit can be obtained from the random effects probit model which takes into account the correlation between the composite error ǫ it = η i + u it term in any two periods 9 Given the assumptions above, the probability that household i is poor at time t, given η i , is specified as
where Φ is the cumulative distribution function of the standard normal distribution. An important econometric issue that needs to be addressed is the so-called "initial conditions problem". This problem arises because the start of the observation period (1994) does not coincide with the start of the stochastic process generating households' poverty experiences. Thus, estimation of the model requires a further assumption about the relationship between the initial period's poverty status s i1 and η i . If the initial conditions are correlated with η i , as is likely in our context, using the standard random effects probit model which assumes the former to be exogenous, will lead to overstating the magnitude of state dependence (i.e., the estimate of γ will be larger than what it actually should be). To take care of this problem and estimate the model consistently, the unobserved household heterogeneity term should be integrated out.
One possible approach to solve the initial conditions problems is based on a a two-step maximum likelihood estimator suggested by Heckman (1981) who is the first to address the problem. Heckman's approach starts by specifying a linearized reduced-form equation for the initial value of the latent variable:
where θ > 0, η i and u i are independent of each other, and (i = 1, ..., N ). The vector z includes exogenous instruments that also include the initial values of the explanatory variables (i.e.,x i1 ). In 8 This implies that η i is uncorrelated with x it . However, correlation can be allowed (Mundlak, 1978; Chamberlain, 1984) by including x i = (x i0 , ..., x iT ), or alternatively averages of the x-variables over time as additional regressors in the model. 9 The correlation in any two time periods can be shown to be λ = Corr(ǫ it , ǫ is ) = σ 2 α σ 2 α +σ 2 u t, s = 2, ..., T ; t = s. 6 addition, it is assumed that the u it are independent of η i and that both are distributed normally with variance 1 and σ 2 η , respectively. Given equations (1) and (4), most applied researchers assume fixed correlation between (θ 1 η 1 + u i1 ) and the error terms in the equations for other periods (Arulampalam and Stewart, 2009) .
Given serially uncorrelated random error terms, the likelihood function to be maximized for household i given η i can be specified as
where g(η) is the probability density function of η i . With the assumption of normality in the distribution of η, the Gaussian-Hermite quadrature (Butler and Moffitt, 1982) can be used to evaluate the integral. However, the use of this estimator has been limited due to its huge computational time cost during estimation.
Another approach to deal with the initial conditions problem in non-linear dynamic panel data models is the conditional maximum likelihood estimator (WCML) proposed by Wooldridge (2005) . This approach involves integrating out the household unobserved heterogeneity term η through specifying an approximation of it's density conditional on s i1 . Let the joint density for the observed sequence of the dependent variable (s 2 , s 3 , ..., s T |s 1 ) be written as (s T , s T −1 , ..., s 2 |s 1 , x, η). To integrate η out, Wooldridge suggests the specification (6) where
The correlation between s i1 and η i is alleviated by equation (7) by introducing a new unobservable term a that is uncorrelated with the initial observation s i1 .
Substituting equation (7) into equation (1) gives
Consequently, the likelihood function to be maximized for household i is given by
where g * (a) is the normal probability density function of the new unobservable term a i introduced in equation (7). Free correlation between the initial condition and error terms in other periods (as is the case in Heckman's estimator) can be allowed by introducing a set of time dummies interacted with s i1 . Estimation is straightforward using a standard software 10 . Apart from 10 One other alternative approach to address the initial conditions problem is the two-stage estimator developed by Orme 1997 Orme , 2001 . It involves specification of an approximation for µ i which is used to replace it by another unobservable component that is uncorrelated with the initial observation. This is achieved by controlling for the residual of the simple probit estimator for the initial period in the main dynamic probit model and run it as a random effects probit. In our case however, the results from this estimator were not significantly different from the random effects probit model, and hence we chose not to report them.
its easiness to estimate in a standard software, the Wooldridge Conditional Maximum Likelihood estimator allows for correlation between x it and α i following Mundlak (1978) , overcoming the strong assumptions of a random effects model. We therefore use this estimator to analyze the persistence of subjective and objective poverty in urban Ethiopia. As it is estimated as a random effects probit, which corrects for the initial conditions problem and allows correlation between the explanatory variables and the unobserved individual heterogeneity term, interpretation of the marginal effects is straightforward.
Results
Estimates of the dynamic probit models for the probability of being in subjective and objective poverty are given in Table 3 . Columns [1] and [2] show the standard random effects estimator, which treats initial conditions as exogenous for the incidence of subjective and objective poverty respectively. Column [3] and [4] present the same estimates from Wooldridge's conditional maximum likelihood estimator. The coefficient of the lagged dependent variable for both types of poverty in all models is statistically significant but the magnitude declines drastically once we control for endogeneity of initial conditions using the Wooldridge CML. The CML estimator also allows for possible correlation between the unobserved heterogeneity term and the explanatory variables. The corresponding marginal effects from all the estimators are presented in table 4. Table 3 here Although there is a difference in the incidence of subjective and objective poverty as shown in the previous section, there appear to be similarities in the effect of some correlates on the two poverty types. There is state dependence in both types of poverty, indicating that a household which is poor in one round is more likely to be in poverty next period as well. The magnitude of state dependence, however, is lower in the Wooldridge estimator than in the standard random effects estimators. The marginal effects from the WCML estimators presented in table 4 column [3] show that a household which perceives itself as poor in any previous period has a 7.3 percent higher probability of feeling poor in the next period. The marginal effect of being consumption poor in any period on next period is pretty much the same (7.9 percent). Table 4 here
The strong impact of initial poverty on both types of poverty is clearly evident from the WCML estimator. Not only is the impact strong but it is also larger than the coefficient of the state dependence parameter for both types of poverty -supporting the importance of controlling for endogeneity of initial conditions. On average, a household which was subjective poor in the initial period (1994) has a 9.8 percent more probability of feeling poor in the years after.
When it comes to the role of other covariates, age has a non-liner effect on subjective poverty, and being headed by a male individual reduces the probability of feeling a poor household, but both variables have no significant effect on consumption poverty in urban Ethiopia. As indicated by the statistically significant coefficients for all the three dummy variables for education, being headed by educated individuals reduces the likelihood of being in both types of poverty. In fact, the largest marginal effects are exhibited by the education variables. For instance, compared to households headed by illiterate individuals (the reference group), households headed by a tertiary level schooling complete individual have a 27.8 percent lower likelihood of feeling poor. The impact on consumption poverty is the largest as well (20.8 percent less likely to be in consumption poverty).
One interesting finding is that some of the other household members' occupational and demographic characteristics have different effects on the two types of poverty. These variables exhibit positive association with objective poverty probably indicating the positive impact of household size and higher dependency ratio on the incidence of consumption poverty. The impact of some of these variables on subjective poverty is however negative. Column [3] shows that households with a higher number of self-employed (own-account) and civil/public sector workers have a strong and lower likelihood of being out of subjective poverty 11 . However, having more own-account household members has a positive impact on consumption poverty. This probably implies that engaging in some kind of income generating job reduces the likelihood of feeling poor although it does not help the household to be out of poverty, which reinforces the fact that subjective poverty captures other dimensions of deprivation. Finally, one notes that households receiving international remittances have a lower likelihood of being in consumption poverty as documented by regression results from the WCML estimator (column 4 of table 3). However, according to the results from the Wooldridge model, these remittances have no impact on a household's own view of whether it is poor or not.
Conclusions
In this paper we use panel data from urban Ethiopia spanning 15 years to investigate the trends, persistence and correlates of subjective and objective poverty. Ethiopia experienced rapid economic growth in recent years although growth was accompanied with double digit inflation rate. Descriptive statistics show that following economic growth, consumption poverty consistently declined while subjective poverty remained high. We find that the initial level of poverty matters considerably for future poverty. Once we control for this persistent poverty, we find that temporary spells of poverty have little impact on future poverty, be it subjective or objective. We also find that households with a higher number of self-employed and civil/public sector worker members have a lower likelihood of feeling poor, even though being self employed actually increases the likelihood of being objectively poor. This reinforces the fact that subjective poverty captures other dimensions of deprivation, and suggests that engaging in some kind of income generating job reduces the likelihood of feeling poor regardless of its impact on consumption. Households receiving international remittances have a lower likelihood of being in objective poverty, but are just as likely as other similar households to perceive themselves as poor, suggesting that the self image is not improved even when the material conditions improve.
It is possible for a household to be above the money-metric poverty line through support from relatives and friends, but still feel deprived; at the same time, activities that do not help consumption status may nonetheless help the household's perception of being in control of its own destiny. Any analysis related to measuring the welfare impact of economic growth, and any policies aimed at ensuring that the benefits of growth are widely shared, should therefore encompass subjective measures as well.
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